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Background: LLMs
Extensive application scenarios of large language models (LLMs)

• Already achieved excellent performance in dialogue, information extraction, 
and so on

• Many latency-sensitive scenarios favor batch size = 1
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Large language models (LLMs) adapt to multiple tasks Latency-sensitive scenarios

Real-time
chatbots

Code
completion



Background: Prefill and Decode
Inference process for large language model

• Prefill and Decode
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Prefill Decode

Prefill stage: 
• Comprehend the input 

prompt and generate the first 

reply token and KV cache

• Matrix-matrix multiplications

• Calculate only once

Decode stage: 
• Generate the next token based 

on the KV cache repeatedly

• Matrix-vector multiplications

• Takes about 98% of the end-to-

end time
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GPU v.s. FPGA: An Example
Llama-2-7B model, [input, output] = [1536, 512]

• A100/V100S GPU: fast in prefill but high power consumption (~200W)
• U280 FPGA: low power consumption (~46W), better decode performance 

but very poor in prefill
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GPU v.s. FPGA: Roofline Model
Here is the roofline model of prefill and decode in this example:

• Decode is severely memory-bound
• Prefill is compute-bound
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GPU v.s. FPGA: Efficiency
Llama-2-7B model, [input, output] = [1536, 512]

• A100/V100S GPU: Better energy efficiency (token/s/W) and cost 
efficiency (token/s/$) in prefill (although with higher price) but low 
utilization in decode (<0.4%)

• U280 FPGA: Higher energy efficiency and cost efficiency in decode but 
low peak performance
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GPU v.s. FPGA: Summary
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Not bad bandwidth but low performance
 Good at decode, but slow in prefill

Xilinx Alveo U280 FPGA
• Memory: 8 GB HBM2 + 32 GB DDR
• Bandwidth: 460 GB/s + 38 GB/s
• Peak Perf: 24.5 TOPS (INT8)
• Cost: 8000 $

NVIDIA V100S/A100 GPU
• Memory: 32 / 80 GB HBM2 / 2e
• Bandwidth: 1134 / 2039 GB/s
• Peak Perf*: 130 / 312 TFLOPS
• Cost: 12000 / 17000 $

High bandwidth and performance
 Good at prefill, but low util. in decode

*Peak perf of tensor core



Motivation

How to combine the strength of 
both GPUs and FPGAs?
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Heterogeneous!
GPUs for Prefill, FPGAs for Decode
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Overall Architecture of GLITCHES
GLITCHES: A GPU + FPGA Heterogeneous System
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• Host CPU:
• Task scheduling

• GPUs:
• Prefill tasks
• Decode tasks when 

FPGAs are all busy
• FPGAs:

• Decode tasks
• Data transmission

• Via PCIe interface



When a inference task arrives: 
• Distribute the prefill task to the GPUs
• Transmit KV cache from GPU to the FPGA via PCIe during prefill computation
• Allocate decode tasks to an idle FPGA

• When all FPGAs are busy, GPUs assist with the decode task
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For better decode performance on FPGAs:
• Instruction scheduling overhead has a significant impact on fine-grained memory 

access (256B ~ 16KB) performance (up to 63.2%)
• Merging multiple load requests with data prefetching can improve the memory-bound 

decode stage performance
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For better decode performance on FPGAs:
• Instruction scheduling overhead has a significant impact on fine-grained memory 

access (256B ~ 16KB) performance (up to 63.2%)
• Merging multiple load requests with data prefetching (from [256B ~ 8KB] to [1KB ~ 

32KB]) improves the memory-bound decode stage performance
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Experiment Setup
Hardware Platform (8-card within a single node):

• GPU-only:
• 8 * NVIDIA V100S/A100

• FPGA-only:
• 8 * Xilinx Alveo U280

• GLITCHES: 1 GPU + 7 FPGA
• 1 * NVIDIA V100S/A100 + 7 * Xilinx Alveo U280

Framework:
• GPU: HuggingFace (FP16)
• FPGA: FlightLLM (about W4A8) [1] 

Model:
• Llama-2-7B (about 12.6GB weights in FP16, 3.6GB weights in W4)
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[1] Zeng, Shulin, et al. "Flightllm: Efficient large language model inference with a complete mapping flow on fpgas." Proceedings of the 
2024 ACM/SIGDA International Symposium on Field Programmable Gate Arrays. 2024.



KV Cache Transmission and Prefill Latency

KV cache transmission latency and prefill latency for different tokens
• KV cache transmission latency from GPU memory to HBM on FPGA is less 

than the GPU prefill latency (in most cases)
• KV cache transmission can be overlapped by prefill computation

• Prefill computation grows quadratically with the sequence length
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Merging multiple load requests with data prefetching
• The optimal prefetch ratio is 4
• Improved the end-to-end decode performance by 1.20x and 1.16x when the 

sequence length is 128 and 1024, respectively

Data prefetching for FPGA decode
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For GLITCHES with one V100S GPU and seven U280 FPGAs:
• Achieves an average throughput (token/s) of 1.34/1.21x and cost efficiency 

(token/s/$) of 1.90/1.14x compared to an 8-card V100S/U280-only system
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End-to-end Inference: to A100 GPU
For GLITCHES with one A100 GPU and seven U280 FPGAs:

• Improves the average throughput (token/s) by 1.28/1.23x and cost efficiency 
(token/s/$) by 2.38/1.08 compared to an 8-card A100/U280-only system
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Thanks and Q&A
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